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1.Introduction
Ashugeamountofimagecolectionsinelectronic
form areavailable,moreandmorerequirementshave
beenpresentedforautomatedimageretrieval･Sofar,
fourkindsofimageretrievalmodeshavebeenproposed:
text-basedimageretrieval[1],content-basedimage
retrieval(CBIR)[2],semantic-basedimageretrieval
(SBIR)[3],andKansei-basedimageretrieval(KBIR)[4],
whereKBIR ISmainlydesignedtoretrieveimages
accordingtousers'impressionorsensltlVlty.Ithas
potentlalapplicationslnthefleldsofdesign,advertising,
andentertainment.
Inthispaper,aKBIRsystemwithscenerylmageS
asretrievalobjectsISPresented,Thewholesystem
frameworkisshowninFig.1,whichconsistsofthree
parts:visualfeatureextraction,Kanseifeatureinference
andrelevancefeedbackimageretrieval.
由 ｡
scr ≡lFlg_IThefratleWOrkofoulKBIRsys
temInthefirstpart,asetofvisualfeaure extractio
nmethodsareproposedtoextractco一or,texture,andsh
apefeaturesofanimagefrom theperceptualviewpoi
nts.Then,twostructuresaredefinedtodescribetheefeaturesfrmsemanticandnumericalanglesrespci
velyInthesecondpart,weconstructtheKanseiinfer
enceBayesiandecisionmodel(KIBDM)todeduceKa
sei48 featureofanImagefromItsSemantlCVisual
content.Thenumericalvisualfeaturesofaltestim
ages,aswelastheirKanseifeaturesinferedbyK
IBDM,constitutetheKansei-Vi
sual(KIV)featuredatabase,whichwilbeusedfort
hef汁sttlmeretrleVal.Inthethirdpart,thereleva
ncefeedbackBayesiandecisionmodel(RFBDM)isconstruct ,bywblChu
serscangetthelrexpectedImagesby
providingfeedbackinformation,suchaswhichr
etrievedimagesmeetorcomeclosertotheirgoals.Such
kindofrelevancefeedbackmechanismcaneffectivelymee
tpersonalmentalityandpreference.2.VisualFeatueEx
tractionOurvisualfeatureex ionschemeinclu
desfourparts:representativecolorextraction,colorham
nyevaluation,texturefeatureextraction,andline
andcircledetection.2.1Representativecolorsex
tractionBasedontheobservationofthehumanvisual
system,Wefindthatthecolorkeynoteofanimageplays
anlmpOrtantroletohuman'SlmpreSSionandsensitivity
totheimage.Therefore,thefirstvisualfeaturewear
einterestedinlStherepresentativecolorsar)dthelrpr
oportionsinanimage.Inthispaper,colorhistogramisad
optedtoevaluatecolordlStrlbutlOnOfanimage.SlnCe
theHSVcolorspace(hue,sa山ration,value)c
orrespondsbetertohowpeopleexperiencecolorthanoth
ercolorspacesdo,weadoptitasourworkspaceanddiscetiz
eitinto20binscorrespondingto20differentcolors red,orange,yel
low,green,cyan,blue,purple,magenta,brig
htred,brightorange,brightyelow,brightgreen,bright
cyan,brightblue,brightpurple,andbrlghtmagenta.Thenwecounthepixelnumbeofechbinfわr
each image.Four colors with the blggeStareapercenta
gesareregardedastherepresentativecolorsofthe
image.AnexampleofcolorquantlZationlSShownlnFig.2
. Flg-2An]mageandItsCOlorquantlZat
lOnresult2.2ColorhamonyC harmony haslong been
orinteresttoresearchersinvariousfields.Anobjec
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Table1.TheharmonydescrlptlOnandevaluatlOn
Harmonyscheemame Huedisparity Hannonydescrlpt10m
Eヽ/1 0-50 Engende1-S C
lean, 1e】egant,a¶dsoothi
t1gefect2 Analogous 60-600 Similartoschemel,
0.8nuances.3 Complemeltary L800土100 htrjsicaly high- 7
againstaccIOlcolor4 Split 165D土5
D, Provideshigbcontrast 0.8cc.rnplement
aり′ 1650士5D, wjthout tbe stl.OngcolorschelT
le(3maiorcolors) 300土50 teー1S10n
5 120D土100 0fersstrongvist]al 0ー8scheme contatw
hileretail1ー1gharmony aTld cololrichnes6 sc
helTIC(4maiorcolors) 1800土100士 0.6
7 OthenVjse 0ー52.3Percptualtexture
featureTexture representatlOn based on human visualpel'CePtionwasfistproposedbyTamuraet l.[7].
InthlSpaper,Weadoptthreehighly essentialTamura
texture coarseness
,contrastanddirectionalityasourtexturefeatu
res.Coarsen sreferstothesizeandnumberofthep
rlmitives.Acoarsetexturecontainsasmalnumberoflag
erprlmitives,whereasafinetexturecontainsalargenumberofsmalprlmitlVeS.Contrasm asuresvividness
ofthetexture.AnimagehasahighHcontrastHirthed
iferencesinintensitybetweenneighborhoodpixelsarelarg,wh1-eaShasalow"contrast"ifthedifferenc
aresmal.Directionality refers the shape of textupr1m
itlVeSandtheirplacementrule.Adirectionaltexturehasoneormorerecognizableorintationofprmit
ives,whereas an isotroplC texture has no recognizableor
ientationofprlmitives.Semanticaly,iftheangleoftexturedirectioniswthhl0,7t/4]orl37t/4,7],theimage
isregardedashavingahorizontalorslight一gradienttextu
redirection;iftheangleiswithln(7T/4,37T/4),theimagelSl●gardedas avi ateep-gradientorvertica
ltexturedirection.2.4Lineandcirculardetection
Lineslopeandcircularshapecaninducedi
fferentemotions.For example,an oblique slope
evokesdynamism and action,whle a flatslope arous
calmeSSandrelaxation.Theimagewithcircularshape
atcentermayinducethefeelir)gofromanticeasily,
becausecircularshapealwaysassociateswithroma
nticobjects,such asmoon,sun,orflower.Therefore,det lnglrleSlopeandcircleshapeoran
imagewouldbehelpfultodeduceitsKanseifeat
ures.Houghtransform isapowerfultoolforgraphicelem
entsdetectionduetoitsglobalvisionandrobustnessinnoisyOrdgrade nvil-Onment.Generly,f r
stepsare needed to detectlines (circles)using Hough
transfわrm:1)ObtainedgeofthedetectedImage
uSlngsomeedgedetector(e.g.Camy edgedetector)
;2)Perfわrm Houghtransfわrm oneachedgeplXelinthe
lmageSpaceandaccumulatehitsfわreachpara
meterinthe Hough space;3)Detectpeaksin the Houghparameterspace;4)Verif
ythelines(circles)indicatedbythepeakparamet
ers.Theparam tersoflinedetectionarethenorma
llengthrfrom theorlglntOthelne,andtheangle0
betweenthelineandtheX-axis.WequantlZetheanglescop
eofdetectedlinesintothreeclasses.IfO≦0<7E/6or57T/6<
0≦1t,thedetectedlnehasahorizontaldirectlOn;if7T/
6≦0≦7t/3or27t/3<0≦57t/6,thedetectedlinehasasligh
tgradient;ifT【/3≦0≦27t/3,thedetectedlinehasas
teepgradientorverticaldirection.Theparametersofcircle
detectionarethecoordinatesofthecirclecenter(α,b)andth radiusp.Exam
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and5female)withnorTnalcolorvisionandnorma一or
corrected-to-normalvISIOnatended.20colorpatches
and25textureimagesinthesizeoflOOx72pixels,
besides,35sceneryimagesinthesizeof900×600(or
600×900)pixelswere selected assample images･
ParticipantsWatchedeachimageandgave5Kansei
scoresln7SD scales.Accordingtosemanticvislal
featureofthe80imagesandquestionnairel'eSults,we
caneasilycalculatethebasicprobabllisticinformation
p(Kf a /.lsvf"),whereKfairepresentsthevalueofthei-lh
pairofKanselfactors,Kfa.--3""3,witli-1,.･.,5;svf ,.
representsthem-threlatedsemanticvisualfeatures
(RSVF)【9]withm-i,-,3(asshownjnTable2)･
Table2.VisualeleTnentSOfthefLVepalrSOrKanselkeywords
Kansei RSVF Visualelements RN
VFl Cool(-) SVJ Thehueof j
Thl,jL2Wa¶(+) repl.eSentativecolor
s jh3-j;Asvf2 Thesat)ratio
nof fsl,fs2.representative
coLors fy3▲fR4svf3 TheLum
inanceof jTvl,fv2representa
L1YeCOlors I.3_rd.2 Depr
esed(-) st,TL I;LJs2Cheral(+) representativecolors flJA-
sv/2 Theluminanceof j:,LJy
2representalivecolors
ム_fd'svf3 Colorha1ー10ny J .〟,3 P】acjd(-) ^ Thesaturatioof fsl
J32Active(+) representat
ivecolors _んふsv/2 Directionalty fd,.
svf3 Colorhamony j;.a,.4 A
ustere(-) sv^ fine,Roman
tic(+) detection I,i,r/,sv/2 Thsaturationof .Js2_
representativecolors I.i_I,4s
v^ OveraJ]coarsenes fE,5 Plain(-) s Thsturationof I
J,fs2Gol'ge
OuS(+) representativecolors /,1/,4svf2 C
o】orba-ony 1;Wsv/3 JtCOJ.Basedonthebasic
probability informatlOnandprlnCiplesofBayes
ialdecisionmodel,Wesetupoul`BuBDM･Assumlngal vi
sualfeaturesweproposedaboveareconditionalyindependen,Kansei
featllreSOfanimageKfa,canbededucedbymaxlmumaP
OSteriori(MA♪)criterion:Kf,-agrax皇 p,(Kfa.Lsvf".)p(
svf",) (1)J=-3,,3"l=)wherepJ(Kfa,lsvf.)represents
theprobabilityofp(K/a,Asvf")whenKfa,-j,andi-I,..,5;p(svfn)representstheweightofRSVF,andisset
asp(svfl)-015,p(svf2)-03,p(svf3)=0･2respectively.IfRSVF
iso.neofHSVcolorfeatures,itsbasicpr
obabilisticinforlnat10nisdennedas:p,(Kfa,rsvf
,n)-皇 Inp,(Kfa,Lsvf,:) (2)1=)whereA,.istheareape
rcentageofregionn;svf,7representsthem-thRSVF
inreglOnn;NisthenumberofsegmentedreglOnSandd
efinedasN-4inthispaper.AfterdeducingKanse
ifeaturesforaltestimages,WecombinetheseKanse
Kj;andnumericalvisua】featuresS,W/togethertoconstitLItetheK-Vfatlr
e50 database,inw
hicheachimageisdescribedasa231dimension
featurevector.4.ImageRetieyalTheK-V fahlredatab
asereflectsthegeneralrelationshipbetweenvisualfeature
andKanseisemantics.Tlerefore,weuseitonlyforthe
flrSttimeretrieval.Foradjustlngtheretriev
alresultstomeetuser'Spersonalsensitivlty an
d sensibility, relevance feedbackmechanism isadoptd
inoursystem,whlChcanbeconsideredasaBaye
slanClassificationprobleml10].Assumlng the it]
itialretrievalresults as So,accordingtouser'sfeedb
ackinformation,Socanbeclassifiedintotwoclas
ses(0'and0-)bytherelevancefeedbackBayeslandec
isionmodel(RFBDM),whereO'includestheimages
regardedasHrelevant",whileOLincludes血eimages "non-relevant".T
heposteriorprobabilitiesofanimageXbelonglng
tOthen十canbecalculatedas:p(o'1x )- p(車2')p(0十)p(
40')p(o+)+p(車 ~)p(汁) (3)wherep(fllandp(汁)aret
heprioriprobabilitiesofclassO十and0-,andde茄nedas
O･5initaly.ConditionalprobabiHtydensityfunctio
np(XIoつ andp(XIE2:)canbecomputedasthenormalizeddistancesbetweenImage
xandthecentroidsofO'andO~,namelyC'andC~:p(xln')- i
(Lで.lC.T)D('n/ (4)whcl･CXqistherclatcdntJmerical
visualfcaturc(RNV下)ofimageX,D(nvfq)1Susedfornorn)alization,q-1,.I,3
･C+andC
aredefinedas:(6.'/t'+･･+6.'
f').A_ (6､f.一十C十-＼ー■J_i.r ■三.:',C~ +∂7万)(5)(
6.++･･･+6.') (6.I+･+SI)where♂,'andら representthe
weightsof"relevant"and"non-relevant"respec
tively･f,I-(Y'vf,T,- ,nvf,:)andf/-(nvf,7,･･･,nvf,3)
are RNVF vectors of those"relevant"and"non-relev
ant"images;iandjrepresentthenumbersof"relevantH
and"mom-relevant"imagesrespectively.IfRNVFisaki
dofHSVcolorfeatures,4e･g･huefeature･thennvf-∑
lnfh,,WhereんistheりIareapercentageofregio
nn･Theposteriorprobabilitiesp(oTIx)Canbeco.mpu
tedbyp(0~Ix)=l-p(0'lx).UndertheoptlmatCOnditi
on,foreachimageinSo,ifitsp(0'lx)'p(oIIx),wer
egar.ditas"releTantMtouser'spreference.All"I-ele
vant"ImagesCOnStltutetheflrStfeedbackresultsQl･However,
itshouldbenotedthatQTarelimitedtotheinitialretrleV
alresultsSo,whichpotentialyrestrictstheretl.ieval
resultsofthisfeedbackiterationandretrievalscope
ofnextfeedbackiterationTherefore,wepropose
toenlargeQlbydrawingitsnearneighbc･rsinthefeat
urespaceintoitsscope.Afterttimesfeedbac
k,thepr10rProbabilities,classconditional PDF
s, and posterior probabilities of"relevant" evaluation
are described as p(∩+(t),p(xlfT(t))andp(fr(t)I
X)respecQvely,whereEr(t)representsthecumulated"relevan
t"ImageSetRomtheiteration1to
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beestimated,weapproximatethembyp(Eで(t-1)lx)and
p(o~(t-1)lx)simlartotheideaofl10].
5.Experiments
AprototypesystemhasbeendevelopedinMatlab
6.5.Totaly4,104sceneryImagesareSelectedasourtest
images,whichinclude6categor】es:seaside,mountaln,
sky,flower,city,andfirework.
ForevaluatlngOurImageretrievalsystem,two
commonlyusedevaluationparameters?precisionand
recalarecalculatedandcompared.Theyaredeflnedas
PrecISl0n(K)-CK/K andRecal(K)-CK/M,whereK is
thenulnberofretrievalresults,CK isthenumberof
matchedimagesamongalretrievalresults,M ISthetotal
number of matched lmageS in the database. 12
undergraduate/graduatestudentswith normalcolor
vis10nWereaskedtotestandevaluateoursystem by
answeringhowmanyretrievedimagesmatchwlththeir
Kar)seljnthefirsttimeProcessandhowmanyfeedback
circlesareneededtofindtheirsatisfyingimages.The
averageprecisionandrecalrateto452"skyHimagesare
showninFigs.5and6.Thefeedbacktimesforobtalnlng
thesatisfactoryImagesareShownlnFlg.7.
,3 .三 ,J 0 l ウ ユFlg,5PrecJS10TleV
aluatlOnforKanselkeywords1 12 -1 0 1 王 3Ftg.6Recal
levaluatlOnforKanselkeywordsくlユ 3 巧 5
6 }6FLg.7FeedbacktlmeSforobtaln=1gthesatIS
